This study develops a new conditional extreme value theory-based model (EVT) combined with the NIG + Jump model to forecast extreme risks. This paper utilizes the NIG + Jump model to asymmetrically feedback the past realization of jump innovation to the future volatility of the return distribution and uses the EVT to model the tail distribution of the NIG + Jump-processed residuals. The model is compared to the GARCH-t model and NIG + Jump model to evaluate its performance in estimating extreme losses in three major market crashes and crises. The results show that the conditional EVT-NIG + Jump model outperforms the GARCH and GARCH-t models in depicting the non-normality and in providing accurate VaR forecasts in the in-sample and out-sample tests. The EVT-NIG + Jump model, which can measure the volatility of extreme price movement in capital markets due to unexpected events, enhances the EVT-based model for measuring the tail risk.
Introduction
Along with the Asian financial crisis of 1997 that caused severe slumps of currencies and the devaluation of stock markets in Asian countries, the global financial crisis that occurred in 2007 represents one of the serious financial crises that triggered extreme volatility in capital markets of both developed and developing countries. It led to the collapse of banks, financial institutions and conglomerates, bringing serious loss to creditors and investors. In response to these events, regulators have become more concerned about the protection of financial institutions against these catastrophic market risks. Value-at-Risk (VaR) has become a standard measure for risk management, yet it is well known that the distributions of the return series in most financial markets are heavily tailed. Traditional risk measuring models such as Riskmetrics focus on the whole distribution and fail to provide an accurate measure of extreme price movements. Additionally, the traditional VaR method has been criticized for violating the requirement of subadditivity [1, 2] .
To account for the heavily tailed distribution in financial returns, researchers have extensively derived and modified VaR models. Most researchers have developed VaR models that incorporate either asymmetric distributions or the extreme value theory. For instance, Bali and Theodossiou [3] derived a conditional VaR with a skewed generalized t.
Longin [4] proposed considering the estimation of capital requirements as a problem of extreme value calculation. Longin also presented an approach for computing VaR using the EVT model. The parametric extreme value method that focuses on the extreme tails of the distribution allows for an extension of the curve beyond the range of data [5] . This allows the EVT model to estimate extreme losses better than classical methods that use normal distributions [6] . The unconditional EVT has been applied to measure the downside risk in equity markets [7] . Bali [8] also introduced a generalized extreme value approach to financial risk measurement. Bali [9] tested an asymptotic distribution for extreme changes in US Treasury yields and showed that the extreme value approach provided a more accurate estimation of VaR than standard models. Bali and Neftci [10] developed a conditional approach to derive VaR by specifying the location and scale parameters of the generalized Pareto distribution (GPD) as a function of past information, which was found to provide an accurate forecast of the occurrence and size of extreme observations. The EVT has been commonly applied in both financial and insurance risk management [11] [12] [13] . Bali [8] proposed a Box-Cox generalized extreme value distribution model to capture extreme events in financial markets.
Although the unconditional EVT approach provides asymptotic results in the distribution of extreme loss for long-term investment decisions, the primary concern for a risk manager is the possibility of loss due to adversarial market movement during the next couple of days, where the dynamics of the time-varying volatility are important. Hence, it seems more appropriate to use the conditional EVT method when estimating day-to-day risk exposures and short-term risk management [14] .
Smith [15] suggested an approach to deal with stochastic volatility via a change-point model for extreme value parameters. McNeil and Frey [16] attempted to estimate VaR by incorporating the GARCH model with threshold-based EVT tools, while Byström [14] modified the approach by creating a conditional VaR estimate using the block maxima method. Their conditional models corrected the clustering of extreme events due to stochastic volatility. The models were able to capture the dynamics of the current volatility better than the unconditional model [16] . Bali and Weinbaum [17] introduced a daily conditional extreme value volatility estimator in view of the significant persistence in the parameters for a GEV distribution of high frequency returns within a fixed time interval. Approaches for VaR estimation that use GPD and empirical distribution functions to model tail events and to capture normal market conditions, respectively, have been proposed by some researchers [18] .
Byström [14] used both the block maxima approach and the threshold approach in estimating conditional VaR and found that the two models performed similarly. Hence, this study was extended to create the conditional VaR by first using the regime switching model to construct the conditional volatility of the distribution. Then, the EVT model using the threshold method was employed to estimate the distribution of the residuals. In 1982, Engle [19] proposed the autoregressive conditionally heteroskedastic (ARCH) model in estimating market volatility. Subsequently, the GARCH model was developed by Bollerslev [20] and Taylor [21] . Variations and enhancements of the GARCH models have been substantially generated by researchers. It is, however, indicated that extreme declines in the price in securities markets due to unexpected events like stock market crashes or financial crises cannot be fully explained by these GARCH models [22] . Researchers such as Maheu and McCurdy [23] demonstrated that these unusual events may be better captured by jumps.
Maheu and McCurdy [23] proposed a GARCH model that incorporated a heterogeneous Poisson process with a conditional intensity parameter to govern the occurrence of jumps. Maheu and McCurdy [23] explained that the news process is divided into two components: normal news and unusual news events. Normal news innovations cause changes in the conditional variance of returns. The second component of the news process, however, leads to sudden jumps in price over a very short period of time that could be better captured by jumps rather than Brownian motion. Hence, this model captures the excess volatility resulting from unexpected changes in the financial time series.
The motivation of this paper is to propose a model (the EVT-NIG + Jump model) that further enhances the performance of the VaR model in capturing extreme losses by incorporating the NIG + Jump model with EVT and to compare its performance with seven other models in VaR forecasting. This paper focuses on the study of negative tails and examines the fitting and forecasting performance of the models when they are applied to a series of market crashes and financial crises. This study examines whether the proposed VaR models can better forecast the burst of market bubbles. The study focuses on three major crises: the Asian Financial Crisis (AFC) in 1997, the This paper contributes to the literature by empirically demonstrating that the EVT-NIG + Jump model outperforms other models in capturing extreme loss in crises. The autoregressive conditional jump intensity process of the model aids in capturing the clustering of jumps that normally exist in market crashes. The model allows for dynamic changes in jump arrival rate, jump size, volatileity clustering and asymmetric responses to past return innovations. The model performance in extreme loss estimation is further enhanced by adopting the EVT to estimate the distribution of the residuals. This paper presents five models for computing the VaR in Section 2. Section 3 reports the data and an analysis of the empirical results, and Section 4 concludes with the findings and contributions of the paper. cussed.
EVT-NIG + Jump Model

NIG + Jump Process
Since the development of ARCH models by Engle [19] and the generalization of the GARCH model by Bollerslev [20] , the GARCH models have been extensively enhanced and used in modeling the volatility dynamics of financial time series. On the other hand, unusual events like the Asian Crisis or news surprises create extreme movements in price that could be better captured by jumps than Brownian motion or normal innovations, as stated by Maheu and Mccurdy [23] . This paper has adopted their NIG + Jump model to develop the conditional EVT with a jump model. One of the major features of the model is that the previous innovations that are modeled as a serially correlated conditional Poisson process feed back into the expected volatility through the GARCH component of conditional variance. This allows for conditional contemporaneous leverage effects and lagged leverage effects, as described by Maheu and Mccurdy [23] .
The NIG distribution has a density function expressed as
where , Bessel function of index one in third order. This paper has adopted their NIG-Jump model to develop the conditional EVT with a jump model. One of the major features of the model is that the previous innovations that are modeled as a serially correlated conditional Poisson process feed back into the expected volatility through the GARCH component of conditional variance. This allows for conditional contemporaneous leverage effects and lagged leverage effects, as described by Maheu and Mccurdy [23] .
The market return is expressed as
where
is the conditional mean and 1,t  is the return innovation at time t, expressed as
while 2,t  is a jump innovation with a conditionally mean zero and is contemporaneously independent of 1,t  .
The conditional jump intensity λ t is expressed as
This parameterization incorporates an autoregressive conditional intensity governing the likelihood of the arrival of jumps between t -1 and t. δ t -1 is a time-varying intensity residual. It is defined as
The jump dynamic is assumed to follow a Poisson distribution. The conditional density of X t is expressed as
represents the information of the previous return.
The jump size J t,n follows a normal distribution with mean J and variance ξ.
Hence, the jump innovation is expressed as
This is the sum of X t jumps arriving within the time interval between 1 t  and t and is conditionally mean zero.
The conditional volatility of market returns is governed by two conditional variances as follows:
The first component describes the diffusion of past information impacts and is defined as a GARCH model:
where ι t−1 is the total innovation of return at 1 t  and is defined as
where 
 
is the expected number of jumps in the time interval between 1 t  and . The conditional variance
Var  is related to the heterogeneous information arrival process that generates jumps, and is expressed as
where J t is the conditional jump size at time t and is ex-pressed as a function of the past return.
and (15) where if an ximum lik 
Integrating over the number of jumps, the conditional density function is
The filter is defined as
Instead of olving the infinite summation, this paper tru 
C
This study incorporates the NIG + Jump mode EVT to model the time-varying return distribution. This approach focuses on the entire distribution rather than the tail distribution only [14, 23] and estimates VaR via a two-stage process. The procedure starts with the NIG + Jump model to estimate the conditional mean and volatileity of the entire distribution. Then, in the second stage, the POT method of EVT is used to model the distribution of the residual.
The paramete  estimated by maximizing the log likelihood function discussed in (16) for N observations.
For the parameter estimation, N is fixed as 1000 (a w idual  t values is calculated based on the formula, indow of 1000 trading days) and y as 100. With the set of parameters , the series of N conditional means and standard deviations can be established.
Then, in stage 2, the series of N res
where M t and σ t represents the standard deviation.
conditional mean and
Assume R t follows a distribution F x . Then, based on the approach of exceedances over thresholds [24] [25] [26] , by fixing a high threshold τ, the excess distribution of residual  t is expressed as
, and R 0 represents the rig points of ema and de H a GPD fo ht endBalk aan [27] and Pickands [28] stated that F  (y) tends to r a large class of distribution F, expressed as
where y = R i - and Λ represents the tail index, while  is the scaling parameter.
The threshold value affects the distribution of extreme values. Bali [9] set the threshold as twice the standard deviation around the sample mean of the asset value. This study, however, followed McNeil and Frey's [16] method for determining the threshold. For every N (number of daily observations), let k be the number of points that exceed the threshold. I can then develop a random threshold , ,
. If the threshold is large enough to reduce the chance of bias low and k is IID and fola GPD distribution, the parameters Λ and  can be estimated by the maximum likelihood method [26] . The log likelihood function is expressed as 1 1 n l n l n 1
The tail estimator is thus given as
I follow the method of McNeil and Fre = 1000 and k = 100 and rank the residuals in ascending or y [16] 
VaR Estimates Using the Student-t Distribution and the GARCH Model
el for estig with a GAR n-central Table 1 summarizes the statistics for the daily returns of the three indices. It shows that Sensex has the highest standard deviation (1.85 percent) while Dow Jones S&P has the lowest (1.11 percent). The Dow Jones index represents a developed country while Sensex and SET represent the emerging markets of Asia. Therefore, they generally exhibit higher volatility. In addition, the distributions of the three return series are heavily tailed. The kurtosis and skewness are relatively higher for the Dow Jones. The Jarque-Bera statistics for the three indices are exceptionally high, which evidences the non-normality of these distributions.
This study followed Lin and Shen's [29] mod mating VaR using the Student-t distribution alon CH model. The density function of a no Student-t distribution is denoted as
where q and  are the location and dispersion p respectively.  denotes the degrees of freedom, and (·)
is the gamma function.
arameters,
Parameter Estimation
At p percent of the Student-t distribution, the VaR estimate is expressed as , ,
where t p, represents the corresponding critical t-value and  is the excess kurtosis. The parameter estimates of the models are determined by the maximum likelihood method, with the results presented in Tables 2 and 3 . A window of 1000 daily observations is used to estimate the parameters for next-day estimation. The results show that the tail indices Λ for the EVT-based models are positive. Therefore, the limiting distributions of the three indices are of the Fréchet type. Jump models are then determined by incorporating the corresponding variance into
The daily VaR quantiles via the GARCH and NIG + Equation (29). The process w w Jones Industrial Average
Empirical Tests
as repeated on a rolling basis for the entire set of data.
Empirical Analysis
Data
Three sets of tests were conducted to measure each model's performance related to in-sample fitting, out-ofsample forecasting and backtesting by years.
In-sample testing measures how good each model is at fitting the data. The out-of-sample study, acting as a Three stock indices, the Do The fitting perform rvations)
US: Dow Jones
ances of the models are examined using t um log likelihood value and e-Bera and AIC values. Jarq 
In-Sample Performance
Each model's parameters were estimated by the maximum likelihood method using VaR quantiles for the correspond each date are calculated, and VaR forecasts of the five models are then compared against the actual daily return for each index. Table 3 indicates the relative in-sample performance of the five models in one-day VaR estimation. Since the best model for VaR measurement should give the exact number of expected exceedences, the EVT-NIG + Jump model outperforms the other five models by giving the smallest deviation of its number of exceedences from the expected figures at both the 99 percent (one percent of the number of daily observations in the sample period) and 99.5 percent level for all three stock indices. The EVT-NIG + Jump model is better than the conditional EVT model for both the Dow Jones index and the two indices of emerging markets. It seems that the jump process is better at capturing event losses due to unusual events. The autoregressive conditional intensity governing the jump process allows the news feedback on variance from jumps to vary when the previous news is good or bad. This helps the jump-based models to better capture the non-normality when estimating VaR. It is shown that the NIG + Jump-based models, such as the NIG + Jump-t model, are better than GARCH without the jump model in VaR forecasting. The performances for the conditional EVT-based models are generally better than those of the GARCH-based models. The EVT-NIG + Jump model has the lowest MAD among the five models.
Comparing the GARCH type models, it is found that the NIG + Jump-t model yields the best prediction of VaR for all three indices. While exhibiting a higher MAD in a lower confidence level, its prediction improves substantially at higher confidence levels. It has the lowest MAD among the GARCH type models at both the 99 and 99.5 percent level. At the 99.5 percent level, the ranking of performance starting from the best is EVT-NIG + Jump, NIG + Jump-t, GARCH-t, NIG + Jump, and GARCH. At the 99 percent level, the EVT-NIG + Jump model still outperforms the other models in providing the lowest absolute deviation from the expected figures. The MAD is only four. The NIG + Jump-t model outperforms the other GARCH type modnumber of absolute deviations from the expected figures. The performance of the NIG + Jump model, however, improves at lower confidence levels. It has the lowest MAD in the 98.5 to 97.5 percent level, as compared with the other GARCH type models. It seems that the combina els. percent erce EV el s est. It owe tion of NIG + Jump and the t distribution leads to an over-prediction of VaR and generates a higher MAD. It is inferred that the performance of the EVT-NIG + Jump model improves as the confidence level increases. The conditional EVT series models generally perform better with the Dow Jones Index than with the Sensex and SET, especially at higher confidence levels, due to the larger volatility clustering and kurtosis that exists in the Dow Jones. The EVT-NIG + Jump model does a good job in capturing these non-normalities.
Backtesting (Out-of-Sample) Performance
The five models were backtested to examine how well the models predict extreme losses in the future. This is particularly important for short-term market risk management, by evaluating each model's performance in VaR forecasting. Backtesting starts with a window of 1000 previous daily observation mate the parameters of each model. The estimate then used to derive the one-day VaR forecast for the next day, and the forecasts are compared with the actual return of that day. The procedure is repeated for the rest of the daily observations in the sample. The exceedences are counted whenever the actual return is lower than the VaR forecasts. The results are summarized in Table 4 .
Compared with the results in Table 3, Table 4 generally has higher numbers of exceedences for all models in the out-of-sample test. At the 99.5 percent level, the order of ranking in terms of the number of exceedences remains the same as that in Table 3 . EVT-NIG + Jump is still the best model in VaR estimation. In addition, the NIG + Jump-t model outperforms all of the other GARCH type models.
At the 99 percent level, the EVT-NIG + Jump model still produces the fewest outliers in the backtesting. From the 98.5 percent to 95 percent level, the EVT-NIG + Jump model remains the best performer. The ranking is the same as that in the in-sample test, although the number of outliners increases with decreasing confidence levels. In addition, it is shown that the MAD for both the NIG + Jump-t and GARCH-t models increases with decreasing confidence level. This may attribute to the poorer performance of the Student-t function in fitting the actual financial time series distribution as the confidence level decreases. The NIG + Jump model can better forecast unusual news events or earnings surprises with Table 5 illustrates the LR statistics of both the unconditional and conditional coverage for the alternative VaR models. For the unconditional coverage test, the LR statistics for the EVT-NIG + Jump model in all three indices are significantly less than the critical values (chi-squared with one degree of freedom) of 5.92 (1.5 percent), 6.63 (1 percent ) and 7.88 (0.5 percent ), and this model outperforms the other five models. Regarding the conditional coverage test, the corresponding critical values of chisquared with two degrees of freedom were 8.40 (1.5 percent), 9.21 (1 percent) and 10 .59 (0.5 percent). The EVT-NIG + Jump model achieves low LR statistics. The results indicate that, in general, the exceedences occurring in the conditional EVT-models are independent and identically distributed.
Yearly Backtesting
Byström's [14] method s adopted to compare the performance of conditional and unconditional models by dividing the sample period into year-long sub-periods. Table 6 presents the comparative performance of VaR forecasts of the five models on an annual basis at the 99 and 99.5 percent levels.
The results show tha NIG-Jump models generally Average Absolute Deviation). The EVT-NIG + Jump model generates accurate VaR estimates, as expected by the confidence level. The same situation applies to the three stock indices at the 99 and 99.5 percent levels. The daily VaR estimates produced by the conditional EVT models vary closely with changes in volatility. In particular, the EVT-NIG + Jump model captures the extreme losses during the period well for both the Sensex and SET indices.
The VaR forecasts by the GARCH model, however, are less responsive to changing volatility. The GARCH model tends to underestimate the risk during turbulent periods.
In accessing the performance of the VaR forecasts of the five models in the three crises, this paper measures the MAAD of the models for the periods of 1997-1998, In the out-of-sample test, the EVT-NIG + Jump model again performs well for one-day VaR forecasts. The improvement became more significant when a higher confidence level VaR forecast (99 percent or above) was used. The NIG + Jump setting incorporated in the proposed model helps to better capture the skewness and heavy tail resulting from an unexpected extreme price jump. Additionally, the performance of the conditional NIG + Jump model in VaR forecasts improves as the confidence level increases. The model produces exceptionally accurate VaR forecasting at the 99.5 percent level.
Conclusions
Regarding the year-by-year backtesting, the conditional EVT-NIG + Jump model performs well and outperforms the others in capturing the dynamics of the market condition.
